AbstrAct Variation in kernel composition across maize (Zea mays L.) germplasm is affected by a combination of the plant's genotype, the environment in which it is grown, and the interaction between these two elements. Adapting exotic germplasm to the US Corn Belt is highly dependent on the plant's genotype, the environment where it is grown, and the interaction between these components. Phenotypic plasticity is ill-defined when specific exotic germplasm is moved over large latitudinal distances and for the adapted variants being created. Reduced plasticity (or stability) is desired for the adapted variants, as it allows for a more rapid implementation into breeding programs throughout the Corn Belt. Here, doubled haploid lines derived from exotic maize and adapted through backcrossing exotic germplasm to elite adapted lines were used in conjunction with genome-wide association studies to explore stability in four kernel composition traits. Genotypes demonstrated a response to environments that paralleled the mean response of all genotypes used across all traits, with protein content and kernel density exhibiting the highest levels of Type II stability. Genes such as opaque10, empty pericarp 16, and floury 1 were identified as potential candidates within quantitative trait locus regions. The findings within this study aid in validating previously identified genomic regions and identified novel genomic regions affecting kernel quality traits.
T
he overall fitness of a plant is highly dependent on the plant's ability to adapt to changing environmental factors through changes made in physiology, metabolism, growth, and intermediate development (Lee et al., 2002; Marais et al., 2013) . These heritable changes are known as phenotypic plasticity, which can be selected for or against with traditional plant breeding techniques (Gage et al., 2017; Pigliucci, 2005) . However, even with maize showing large amounts of phenotypic plasticity, relatively little emphasis has been placed on introducing tropical germplasm to widen the U.S. germplasm pool (Pollak, 2003) . Long daylength Corn Belt environments cause tropical maize to exhibit delayed flowering (Allison and Daynard, 1979; Warrington and Kanemasu, 1983) , which makes adapting the germplasm to its new environment precarious at best. Hallauer and Carena (2014) theorized, however, that for some traits, the addition of tropical germplasm could confer better characteristics than those of the 100% temperate germplasm currently being used in the Corn Belt. This is especially important, since maize is an important food staple for many people around the world, where it is directly consumed by humans or indirectly through livestock consumption (Cook et al., 2012) .
Oil, starch, and protein content directly affect the quality of food and feed (Baker et al., 1969; Lewis et al., 1982; Worral et al., 2015) . Maize is also a popular fuel source, as its starch content has become important in the production of ethanol, potentially creating bottlenecks in the stable supply of sufficient maize for food, feed, and fuel (Ray et al., 2013; Wang et al., 2015) . Balancing maize kernel composition for both food and fuel use is an even greater challenge, as altering kernel composition greatly impacts yield Worral et al., 2015) . Zhang et al. (2016) reported that increasing starch content has little impact on yield, but the grain is less nutritious for food and feed . Increasing oil and protein content is associated with substantially reduced grain yields Vasal, 1992, Worral et al., 2015) . Finding the optimal balance of starch, oil, and protein is a struggle that modern plant breeders must undertake to supply the demand of maize grain in the future.
Specific breeding populations have been developed for high-oil maize (Li et al., 2013) , such as the Illinois high-oil population (Dudley and Lambert, 2010) , where selection has been going on for over a century. Others are the Alexho single-kernel synthetic population and the Beijing high-oil population (Song and Chen, 2004) . These populations have been of great importance in elucidating the underlying pathways in oil biosynthesis in maize (Laurie et al., 2004; Yang et al., 2010) . The nested association mapping population and the panel of 282 diverse inbred lines (Flint-Garcia et al., 2005) were used to find 22 quantitative trait loci (QTLs) affecting oil concentration, explaining nearly 70% of the phenotypic variation (Cook et al., 2012) . Li et al. (2013) found 26 QTLs that explained 83% of the phenotypic variation in a diverse panel of inbred lines that consisted of normal and high-oil inbred lines. Although large amounts of phenotypic variation were explained in these studies, no large-effect QTLs were found.
Efforts to alter protein content have been successful in many selection experiments. The Illinois high-oil population successfully increased protein content levels to 27% (Moose et al., 2004) . Worral et al. (2015) recently released several quality protein maize lines with average protein levels but increased concentrations of lysine and tryptophan, which are important in overall protein quality. The success of these lines was attributed to the use of opaque2 modifier genes (Paez et al., 1969; Prasanna et al., 2001; Vasal et al., 1980; Villegas et al., 1992; Worral et al., 2015; Yang et al., 2016) . However, yield reductions have been noted when opaque2 was present Worral et al., 2015) . Additional studies were completed with the aim of finding additional protein quality QTLs without yield reduction (Cook et al., 2012; Dudley et al., 2007 Dudley et al., , 2004 Laurie et al., 2004) ; however, yield reductions were still noted.
Starch composition in maize kernels is well understood (Wang et al., 2015) . Shrunken1, shrunken2, brittle2, waxy1, sugary2, dull1, amylose extender1, and sugary1 (Hennen-Bierwagen and Myers, 2013; Huang et al., 2014; Klösgen et al., 1986 ) are a few of the known genes involved in starch biosynthesis. However, little is known about the connections of these genes in the regulation of starch biosynthesis and starch accumulation in maize (Wang et al., 2015) . Many QTL studies have been conducted to further explain the connections of known maize starch genes to their actual roles in starch biosynthesis in the maize kernel (Cook et al., 2012; Dudley et al., 2007 Goldman et al., 1993; Guo et al., 2013) with few causative genetic factors having been found (Wang et al., 2015) . Wang et al. (2015) found large-effect QTLs in a biparental mapping population. They suggest that marker-assisted selection be implemented for these few known large-effect QTLs, as progress with many known small-effect QTLs is not advantageous. Maize hybrids that are high in starch have lower protein and oil, although yield reductions are not noted, as starch imposes lower energy demands on the plant than producing oil and protein .
Many of the previous studies concentrated on lines that were developed from the Illinois long-term selection program or closely related materials. Here, a diverse set of exotic-derived doubled haploid (DH) lines that represent 52 maize races are used to investigate the following maize kernel composition traits: (i) oil content, (ii) protein content, (iii) starch content, and (iv) kernel density. The overall goals of the study were to: (i) characterize kernel composition traits in this diverse panel by collecting open-pollinated ears and subjecting them to near-infrared transmission spectroscopy (NIRT), (ii) examine adaptation of DH lines through use of a modified Finlay-Wilkinson joint-regression analysis (Finlay and Wilkinson, 1963) to determine genotype × environment effects, and (iii) conduct genome-wide association studies (GWAS) to identify the causative genomic regions responsible for adaptation-related effects on kernel composition.
MAteriAls And Methods

Germplasm and Data Collection
A total of 252 DH lines were developed from crosses made between exotic maize accessions and the expired Plant Variety Protection lines 'PHB47' and 'PHZ51', which were backcrossed to PHB47 or PHZ51, respectively, prior to undergoing the DH process to produce isogenic doubled haploid lines. This process is described in greater detail by Brenner et al. (2012) and Vanous et al. (2018) . The DH lines were developed and released in a joint collaboration between the Iowa State University Doubled Haploid Facility and the USDA-ARS Germplasm Enhancement of Maize project. Released lines are known as BGEM lines, B indicating Iowa State University inbred line and GEM indicating the Germplasm Enhancement of Maize project. Supplemental Table S1 shows the BGEM line, race, accession number, country of origin, and elevation for the 252 BGEM lines.
The BGEM lines were planted in the field in 2013 in an α incomplete block design across six environments. Rows were 9 m long and 15 seeds were planted per row. (Zuber, 1973) , PHB47, and PHZ51, were included as checks. Each check was repeated a minimum of six times and a maximum of nine times per replication.
In the fall, three to five open-pollinated ears were harvested from the center of each row across all locations. Ears were dried and bulk shelled. Near-infrared transmission spectroscopy was used to analyze oil, starch, and protein content, as well as the density of each bulked sample. This NIRT analysis was conducted with a Foss Infratec 1241 Grain Analyzer (Serial number 12412188, Foss North America, Eden Prairie, MN), with five subsamples per sample. This device performs NIRT via near-infrared transmittance. Calibrations were obtained from the Grain Quality Laboratory, Iowa State University. The process used for calibration by the Grain Quality Laboratory is described in Rippke et al. (1995) and calibrations were based on Buchmann et al. (2001) . The calibration ranges for protein were 3.78 to 17.37%. The ranges for oil and starch were 1.63 to 13.87 and 39.12 to 69.98%, respectively. The density ranges were 1.12 to 1.38 g cm -3 . The SE of predictions were 0.48, 0.45, 0.76, and 0.02 for protein, oil, starch, and density, respectively. The percentage of oil, starch, and protein content are reported on a dry matter percentage weight basis (%wt). Density values are reported at a 15% moisture level.
Statistical Analysis
Phenotypic analyses were conducted using a mixed linear model (MLM) in SAS version 9.2 (SAS Inst. Inc., Cary, NC) as described by (Wolfinger et al., 1997) . The analysis described by (Wolfinger et al., 1997) allowed for the recovery of incomplete blocking and inter-variety information when the blocking and varieties are random effects. Model parameters were estimated via Henderson's mixed model equations and the variances components were estimated via the restricted maximum likelihood method.
First, a MLM was fitted to the data from each location. Replications and check inbreds were considered to be fixed effects. Random effects included the BGEM lines and incomplete blocks. Outliers were then identified and removed. Outliers were identified via the studentized conditional residual and by determining the 95th quantile, with Bonferroni correction, based on a t-distribution. Data falling outside the defined regions were removed from further analysis. Data were assembled to include all locations once the outliers were removed. These data were fitted to a MLM containing locations, replications, incomplete blocks, and BGEM lines as random effects. Replications were nested within locations and incomplete blocks were nested within replications. Data files for the estimates of random and fixed effects were obtained from SAS version 9.2 (SAS Inst. Inc., Cary, NC) and were used in R (R Core Team, 2014) to calculate the best linear unbiased predictions (BLUPs) via a custom script. The custom script added the fixed effect intercept and random location, genotype, and genotype × environment BLUP estimates for each BGEM line within each location and across locations. Phenotypic trait correlations were calculated via Pearson's product-moment correlation coefficient (r) in the package Hmisc (Harrell, 2016) in R (R Core Team, 2014) with cross-location BLUP values.
A modified Finlay-Wilkinson (Finlay and Wilkinson, 1963) approach, which was similar to that of Eberhart and Russell (1966) , was used to assess stability of the BGEM lines. Single-location BLUP values from each BGEM line were used as input data for the stability equation:
where y ij is the BLUP value phenotype of the i th BGEM line in the j th location, g i is the main effect of the i th BGEM line, h j is the main effect of the j th location, and e ij is the residual error term. Following Kusmec et al. (2017) , the variance of e ij , or δ, for each BGEM line was used as a measure of nonlinearity in the BGEM lines' response to location. All stability analyses were performed in R (R Core Team, 2014) via a custom script.
Broad-sense heritability (h 2 ), on an entry-mean basis, was calculated from the equation: s is the error variance estimation, r is the number of replications, and e is the number of environments (Hallauer et al., 2010) . Standard errors were estimated via Dickerson's approximation (Dickerson, 1969) , as explained in Hallauer et al. (2010) .
Marker Data
Genotyping of the exotic-derived BGEM lines was performed via genotyping-by-sequencing (Elshire et al., 2011) by the Cornell University Genomic Diversity Facility, resulting in 955,690 single nucleotide polymorphisms (SNPs). The Buckler Lab for Maize Genetics and Diversity performed the assembly process, as described by Glaubitz et al. (2014) . Marker imputation was performed in TASSEL version 5.0 (Bradbury et al., 2007) via the FILLIN option (Swarts et al., 2014) . Markers with greater than 25% missing data and minor allele frequencies less than 2.5% were removed. The remaining 247,775 SNPs were filtered further by removing SNPs that were in the same position according to their genetic map position. Map positions were based on the intermated B73 × Mo17 (Lee et al., 2002) genetic map, described by Wei et al. (2007) . Within these regions, a single random SNP was chosen, resulting in the retention of 62,077 SNPs.
With these markers, the proportion of recurrent parents found within the BGEM lines was higher than the expected 75% and the average number of recombination events estimated was far greater than expected Vanous et al., 2018) . Hence, SNP marker data were corrected for monomorphic markers through use of a Bayes theorem correction. Briefly, markers that comprised short distances of recurrent parent contributions and that were flanked by donor parent genotypes were more likely to be from the identity of marker alleles between the recurrent and donor parents than a double crossover event . Regions containing short recurrent parent regions were tested with the null hypothesis that a double crossover event took place, and the correction was based on the P-values obtained from the test (Rice et al., 2018) . After correction, donor parent contributions were closer to the expected 25% and the number of recombination events was greatly reduced .
Genome-wide Association Studies
Linkage disequilibrium (LD) between SNP markers was conducted via a sliding window in TASSEL version 5.0 (Bradbury et al., 2007) . R (R Core Team, 2014) was used to fit a smooth line to the data via local regression. Genomewide association studies were conducted with the intercept, slope, and δ estimates obtained from the stability analysis for 232 BGEM lines. Twenty lines were discarded because of segregation being noted in field trials, missing genotypic data, or heterozygosity being noted in the genotypic data (Vanous et al., 2018) . Three analytical software packages were used to conduct GWAS. First, TASSEL version 5.0 (Bradbury et al., 2007) was used to conduct a general linear model approach. Next, GAPIT (Lipka et al., 2012) was used to perform a MLM approach that included an additive genetic relatedness matrix (VanRaden, 2008) to estimate the variance-covariance between individuals. The model selection option was also used to determine the optimal number of principal components to retain for the analysis. The optimal number was found to be zero principal components. Finally, FarmCPU (Liu et al., 2016) was used. In each of the three models, a family-wise error rate obtained from simpleM (Gao et al., 2010) was obtained with R (R Core Team, 2014) .The simpleM package calculates the effective number of independent tests, M eff (Cheverud, 2001; Gao et al., 2008; Li and Ji, 2005; Moskvina and Schmidt, 2008; Nyholt, 2004 Nyholt, , 2005 , by using composite LD among SNPs to capture the correlation and derives M eff from the number of principal components that contribute to 99.5% of variation (Gao et al., 2010) . The number of independent tests was found to be 15,729. Bonferroni correction was then conducted via the M eff estimate [Eq. 3]:
where n is the number of markers or the M eff estimate. The resulting significance threshold was set at P = 3.17 × 10 −6 . Quantile-quantile plots were constructed for each analysis. Comparisons of quantile-quantile plots were used to determine the most appropriate analysis for each measure from the Finlay-Wilkinson analysis for each trait.
Significant SNPs identified via GWAS were compared with previously identified QTL regions. First, genetic map bins that contained the significant GWAS SNPs were identified. Linkage disequilibrium was computed for the significant SNPs and all SNPs that were located with the genetic map bin from the marker dataset used in this study. Linkage disequilibrium was calculated for these SNPs in TASSEL version 5.0 (Bradbury et al., 2007) via a sliding window approach. Mean LD values were calculated and a threshold of r 2 = 0.2 was used to determine whether the SNP identified via GWAS overlapped with the previous QTL regions. For significant SNPs found to be concurrent with previously identified QTLs, 0.5-Mb regions centered on the SNPs were scanned for known kernel composition genes, and LD between these candidate genes and the associated SNPs were tested in the same manner as described for QTLs.
Gene Ontology Term Enrichment
Candidate gene regions for gene ontology term enrichment tests were defined by 100kb windows that centered on each significant SNP from the MLM and FarmCPU GWAS results. Candidate genes were declared if a gene, according to the B73 RefGen_v2 (Schnable et al., 2009) coordinates, fell within the predefined windows. The complete maize gene list was obtained from MaizeGDB (Andorf et al., 2016) . Candidate genes within significant regions were tested for gene ontology term enrichment. First, candidate genes were connected with the respected gene ontology terms obtained from Gramene (ftp://ftp.gramene.org/pub/ gramene/archives/PAST_RELEASES/release34b/data/ ontology/go/go_ensembl_zea_mays.txt, accessed 13 May 2018), and gene ontology annotations were retrieved from the Gene Ontology Consortium (http://purl.obolibrary.org/ obo/go.obo, accessed 23 Aug. 2018). A proportion test was conducted as described by .
results
Phenotypic Analysis
Supplemental Table S2 shows the variance estimates from the phenotypic trait data analyses. After outlier removal, 0.10, 0.00, 24.67, and 2.45% of the BGEM samples fell outside the calibration ranges for protein, oil, and starch content, and kernel density, respectively. All of the BGEM line samples that were outside the calibration ranges for starch were over the 69.86%wt maximum, with 73.56%wt being the highest recorded sample. PHZ51 and PHB47 has ranges of 11.2 to 12.4, 4.0 to 4.2, and 69.1 to 70.6%wt for protein, oil, and starch content, respectively (Table 1) . PHB47 had higher protein and oil weight percentages, but had a lower weight percentage for starch. The BGEM lines had ranges of 10.0 to 15.2, 3.6 to 4.9, and 65.9 to 71.5%wt for protein, oil, and starch, respectively. Both recurrent parents had a density of 1.3 g cm -3 , whereas the BGEM lines ranged from 1.3 to 1.4 g cm -3 . Supplemental Table S3 shows the trait BLUP values of the 232 BGEM lines used in the association analyses. Broad-sense heritability estimates were high for all kernel composition traits, ranging from 0.85 to 0.88 (Table 1) . Oil and protein content had a significant positive correlation (r = 0.43; Table 2 , Supplemental Fig. S1 ), whereas oil and protein content both had significant negative correlations with starch (r = -0.64 and r = -0.95, respectively). Density significantly correlated with protein (r = 0.19). Correlations among oil, protein, and starch were consistent with previous reports, such as those by (Cook et al., 2012) .
Reaction norms and fitted response curves (Fig. 1 ) were used to examine stability of the four kernel composition traits. Protein, oil, and density fitted response curves (Fig. 1b, d , f, h) showed a linear increase across environments. However, the fitted response curves for starch showed a more general flat line response (Fig. 1f) . Intercept and slope values followed a bell-shaped normal distribution (Supplemental Fig. S2; Fig. 3) , with intercept values centering on the population mean and the slope values centering on one. Delta values were found to be small, with most values near zero (Fig. 4) .
Genome-wide Association Studies
Linkage disequilibrium decayed (r 2 = 0.2 threshold) over a distance greater than 500 kb for all chromosomes Vanous et al., 2018) . However, LD within the BGEM population is complex. The BGEM lines derived from either of the recurrent parent backgrounds are 75% related, which results in high levels of linkage within lines sharing a common recurrent parent and causing the large decay distances.
Quantile-quantile plots (Fig. 2, Supplemental Fig. S3 to Supplemental Fig. S11 ) were obtained from the three GWAS analyses with the estimates of intercept, slope, and δ response of four kernel composition traits. All general linear model analyses showed the overestimation of observed values compared with expected values (Supplemental Fig. S3, Supplemental Fig. S4 , Supplemental Fig. S9 ), whereas MLM tended to slightly underestimate the observed values (Fig. 1, Supplemental Fig. S4 , Supplemental Fig. S7, Supplemental Fig. S10 ). Analyses with FarmCPU software generally showed the best performance out of the three approaches ( Fig. 1 ; Supplemental Figure S5 ; S8; S11), but only minor differences were threshold) were found in four kernel composition traits with two measures of stability (slope and δ) and a single measure of the mean (intercept) (Supplemental Fig. S12 to Supplemental Fig. S20 ). Use of the intercept values resulted in finding two, seven, two, and five SNPs for protein, oil, starch, and density, respectively. When slope estimates were used as the phenotype, significant markers were found for each trait; however, different SNPs were found with the slope rather than the intercept. Protein and starch were the only traits that had significant associations with a SNP when δ values were used in the GWAS analyses. The genetic effects of significant associations were identified via the mean and two measures of stability are listed in Supplemental Table S4 . Significant associations were compared with previously published QTLs (Berke and Rocheford, 1995; Cook et al., 2012; Goldman et al., 1993; Gustafson and de Leon, 2010; Lübberstedt et al., 1997; Melchinger et al., 1998) and many associations were found to be located in the same genetic map bin. Most of these QTLs were found to be concurrent with previously identified QTLs (Table 3) . For example, protein associations S1_264529186 (r 2 = 0.24), S2_18205663 (r 2 = 0.29), S3_189984261 (r 2 = 0.24), and S8_150046222 (r 2 = 0.22) overlapped with QTL regions identified in three different studies (Berke and Rocheford, 1995; Cook et al., 2012; Melchinger et al., 1998) ; however, three protein associations were found to be different from previously identified regions (Table 3) . Oil and starch associations were also found to be concurrent with previously identified QTLs. Density was the only trait that did not have a significant association concurrent with a previously identified QTLs (Table 3) .
Candidate Genes and Gene Ontology
Candidate genes are listed in Supplemental Table S5 . The number of genes per region varied from 8 to 33, with a mean of 18.2 genes per region. The intercept had a total of 37 genes within the defined regions, whereas slope and δ had 133 and 22 genes, respectively. Protein, oil, and starch had 63, 69, and 68 genes within the candidate regions, respectively. Comparing these gene lists with known kernel composition genes identified eight genes. These genes include opaque10 (GRMZM2G346263), empty pericarp 16 (GRMZM2G060516), and floury 1 (GRMZM2G094532). A complete list of key kernel quality genes identified in this study is given in Supplemental Table S6 .
Enrichment tests showed significant enrichment for catalytic activity, protein serine or threonine kinase activity, protein phosphorylation, protein kinase activity, and plasma membrane (Table 4) . These results were found for protein, oil, and starch, but no significant enrichment was noted for kernel density.
discussion
Genotype × environment interactions were studied within four kernel composition traits to determine the level of phenotypic plasticity displayed within a diverse set of exotic derived DH lines. The BGEM lines have previously been shown to exhibit general adaptation in terms of flowering and stature (Vanous et al., 2018) but the effects of the exotic contribution within these lines is unknown for other traits. Kernel composition traits, obtained via NIRT, were used to explore the contribution of the exotic component of these lines to these traits within varying environments via a modified Finlay-Wilkinson regression. Trait correlations between the two stability measures and the mean were found to be moderate to weak (Supplemental Table S1 ). This differs from the results reported by Kusmec et al. (2017) , who reported moderate to strong correlations. The two studies differed in the approaches used for joint regression and in the traits studied, which explain the different correlations. Correlations with trait BLUP values were found to be similar to those reported by Cook et al. (2012) . This is in agreement with the premise of pleiotropy having been suggested for the underlying genetic mechanisms controlling maize kernel composition (Cook et al., 2012; Goldman et al., 1993; Zhang et al., 2016) . Oil, starch, and protein content make up the major dry matter components in the maize kernel, indicating that if one of these increases, one of the remaining two components must decrease (Cook et al., 2012; Zhang et al., 2016) . In this study, significant SNPs identified through GWAS were found to overlap with previously identified QTL regions, suggesting that these findings are in agreement with those pleiotropic relationships, and also suggests that many candidate genes play a role in the genetic architecture controlling one or more kernel composition traits.
Stability was assessed via two different measures obtained from a joint regression analysis. Four types of stability were noted by Bernardo (2002) for assessing stability with slope estimates: (i) slope = 0, indicating a constant performance across environments; (ii) slope = 1, indicating that the response to different environments is the same as the mean response; (iii), slope > 1, indicating a better than average response in favorable environments and a less than average response to unfavorable environments; and (iv), slope < 1, indicating a better than average response in unfavorable environments and a less than average response in favorable environments. The BGEM lines exhibited Type II stability for protein, oil, starch, and kernel density. This response is expected, as the major contributor to the genetic background of these lines is adapted, temperate lines that both exhibited Type II stability across the Corn Belt environments. A second measure of stability, δ, is the variance among residuals for each BGEM line. According to Bernardo (2002) , a low value of δ indicates that the slope accounts for a large portion of the variation from a genotype's response across environments. Delta estimates for the four kernel composition traits were all found to be near zero, another indication of stable performance of the BGEM lines across Corn Belt environments.
In the current study, GWAS was conducted with the intercept, slope, and δ estimates for four kernel composition traits. Thirty-nine significant SNPs were found through these analyses; however, no overlap among intercept, slope, and δ for significant SNPs were noted. Other studies of phenotypic plasticity also noted little to no overlap of the SNPs identified through GWAS (Kusmec et al., 2017) . Kusmec et al. (2017) noted that these findings are concurrent with the premise that different genes are in involved in controlling the mean and the plasticity of a trait and that these genes form structurally and functionally distinct groups in controlling the phenotypic trait value.
Multiple candidate genes were found within defined regions surrounding significant SNPs. The candidate gene opaque10 was identified and is known to affect zein assembly and protein body morphology (Yao et al., 2016) . It is also known as a cereal-specific protein body protein (Yao et al., 2016) . Interestingly, floury 1 was also noted as a possible candidate gene in this study. Floury 1 has been shown to encode a novel endoplasmic reticulum protein that is also involved in zein protein body formation (Holding et al., 2007) . Yao et al. (2016) noted that the cotransfection of floury 1 and opaque10 could produce strong luciferase activity, showing the interaction between these two genes. Finally, empty pericarp 16 was identified as a possible candidate gene. Xiu et al. (2016) suggested that this gene is required for mitochondrial nad2 Intron 4 cis-splicing and is essential for Complex I assembly and embryogenesis and the development of endosperm in maize. These three candidate genes are the best known candidates from our results. It should also be noted that known candidate genes were only found within QTL regions for protein and oil. Many of the starch QTLs tested for LD with significant SNPs were initially discovered from starch concentration and starch yield in forage maize; however, forage yields are largely impacted by grain yield (Lorenz et al., 2010) and Gustafson and de Leon (2010) increased starch content accompanies higher grain yields , leading to justification for including these QTLs for comparison. In addition, only a limited amount of research has been conducted for kernel density, thus limiting the number of QTLs for comparison. In this study, 232 BGEM lines were used to screen kernel composition traits. These lines represented 52 exotic maize races but only for 25% of the BGEM lines' genome. The 25% exotic genome contribution made by these accessions support the basis for discovery of novel QTL regions. However, the 75% contribution of the adapted temperate lines explains why overlap with previously identified regions was also found. Many previous studies (Dudley et al., 2007; Goldman et al., 1993; Gustafson and de Leon, 2010; Li et al., 2013; Song and Chen, 2004) used germplasm derived from a limited pool, comprised mostly of popular temperate lines (Lee et al., 2002) and derivatives of the Illinois high-oil population , the Alexho single-kernel synthetic population , and the Beijing high-oil population (Song and Chen, 2004) . In summary, diverse germplasm needs to be used in future studies to aid in detecting kernel composition variants that can be used to supply the world's demands for maize and the material used in the current study is a starting point. The BGEM population is over-represented by Corn Belt germplasm; however, with additional lines that would lead to the increased representation of exotic germplasm's contribution, as well as the improvement in the approaches used to identify causal regions for traits of interest, the BGEM collection of lines could serve as a valuable contributor in identifying unique regions effecting important agronomic traits.
conclusions
This study has supplied new information on the underlying genetic mechanisms of kernel composition traits. Significant associations were found for all four traits, including oil, protein, starch, and density, and these associations were compared with previously conducted QTL and GWAS studies, validating these previously identified regions. Several significant SNP associations were found that correspond with gene models supported by previous findings; however, many could not be validated from previous studies. The novel regions represent an opportunity to be further explored and indicate the need for additional studies to be performed to understand and explain maize kernel composition. Additionally, the use of the diverse panel of BGEM lines is a valuable tool to aid in identifying novel regions and genes that control important agronomic traits. Additional BGEM lines will be needed to increase the power to detect rare alleles within the panel, and data on the donor populations could aid in identifying important lines or populations for specific trait improvements. Additional understanding of these trait pathways and how they interact would also serve as a means for plant breeders to develop maize hybrids that are more specifically targeted for food and/or fuel uses.
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Supplemental Fig. S15 . Manhattan plots for the slope stability measure of four kernel composition traits analyzed via GLM GWAS. Protein content (% wt), oil content (% wt), starch content (% wt), and density (g cm -3
). Supplemental Fig. S16 . Manhattan plots for the slope stability measure of four kernel composition traits analyzed via MLM GWAS. Protein content (% wt), oil content (% wt), starch content (% wt), and density (g cm -3
). Supplemental Fig. S17 . Manhattan plots for the slope stability measure of four kernel composition traits analyzed via FarmCPU GWAS. Protein content (% wt), oil content (% wt), starch content (% wt), and density (g cm -3
). Supplemental Fig. S18 . Manhattan plots for the δ stability measure of four kernel composition traits analyzed via GLM GWAS. Protein content (% wt), oil content (% wt), starch content (% wt), and density (g cm -3
). Supplemental Fig. S19 . Manhattan plots for the δ stability measure of four kernel composition traits analyzed via MLM GWAS. Protein content (% wt), oil content (% wt), starch content (% wt), and density (g cm -3
). Supplemental Fig. S20 . Manhattan plots for the δ stability measure of four kernel composition traits analyzed via FarmCPU GWAS. Protein content (% wt), oil content (% wt), starch content (% wt), and density (g cm -3
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